Resting-state a b s t r a c t Competitive Scrabble players devote considerable time to studying words and practicing Scrabble-related skills (e.g., anagramming). This training is associated with extraordinary performance in lexical decision, the standard visual word recognition task (Hargreaves, Pexman, Zdrazilova & Sargious, 2012) . In the present study we investigated the neural consequences of this lexical expertise. Using both event-related and resting-state fMRI, we compared brain activity and connectivity in 12 competitive Scrabble experts with 12 matched non-expert controls. Results showed that when engaged in the lexical decision task (LDT), Scrabble experts made use of brain regions not generally associated with meaning retrieval in visual word recognition, but rather those associated with working memory and visual perception. The analysis of resting-state data also showed group differences, such that a different network of brain regions was associated with higher levels of Scrabble-related skill in experts than in controls. Available online at www.sciencedirect.com
A large body of research is dedicated to providing a theory for the surprising observation that very high levels of achievement within a domain tend to be domain-specific, and not based upon the general superiority of experts (Chase & Simon, 1973) . Though debate continues as to the relative role played by innate factors and dedicated practice in the development of expert performance (Ericsson, 2014; Grabner, 2014; Hambrick et al., 2014) , there is agreement that very high levels of achievement are supported by the emergence of unique knowledge structures. Drawing largely from studies contrasting chess experts and non-experts, these unique knowledge structures can be framed in terms of strategic or cognitive differences (e.g., quick perception of board patterns, automatic generation of 'next move', etc.) that set experts apart from non-experts (Chase & Simon, 1973; Ferrari, Didierjean, & Marmeche, 2008) . The emergence of these knowledge structures has also been associated with changes in the neural substrates that support chess expert versus nonexpert performance (Grabner, Neubauer, & Stern, 2006) .
Another approach to the study of expertise eschews direct comparisons between experts and non-experts in favor of an approach that tracks the emergence of domain-specific ability though extensive training. These studies focus mostly on training in the domains of perception, attention, and working memory (and not chess), and show with functional magnetic resonance imaging (fMRI) that domain-specific training can result in both reductions and increases in activation (e.g., Basso et al., 2013; Olesen, Westerberg, & Klingberg, 2004) . For example, in a study by Olesen et al. (2004) , working memory training led to increased activity in areas associated with working memory and selective attention (lateral frontal and parietal cortices), and simultaneous decreases in areas associated with task effort (anterior cingulate cortex). The key finding, as summarized by Jonides (2004) , is that after training, the neural substrates that support performance remain unchanged, but show different levels of activation (increases or decreases). This stands in contrast to studies comparing experts to non-experts, which reveal that experts (though relying on similar networks as controls) tend to recruit additional areas when solving domain-specific tasks (e.g., Gauthier, Skudlarski, Gore, & Anderson, 2000) . In a review of numerous studies, Guida and colleagues argued that these two seemingly contradictory findings actually represent two stages in the development of expertise (Guida, Gobet, Tardieu, & Nicolas, 2012) . As learners gain experience in a domain, increasing efficiency can lead to increases or decreases in activation; but as learners become experts, new knowledge structures begin to emerge and are supported by functional reorganization.
Numerous lines of evidence converge on the idea that the emergence of unique knowledge structures relies on a corresponding change in the functional architecture that underlies behavior. Our ability to read words, for instance, has been tied to the reshaping of a network of regions that are normally recruited in visual pattern recognition (Behrmann & Plaut, 2013; Dehaene et al. 2010 ). Dehaene and colleagues used fMRI to compare cortical activation in illiterate (Àschool, Àliteracy), formerly-illiterate (Àschool, þliteracy) and literate adults (þschool, þliteracy). They concluded that literacy not only changes language networks (involving networks that are normally associated with the processing of spoken language) but also changes the organization of the visual cortex (specifically, the so-called Visual Word Form Area develops in the fusiform gyrus), and reinforces white matter (WM) tracts that are associated with left temporo-parietal language networks (i.e., the arcuate fasciculus; Thiebaut de Schotten, Cohen, Amemiya, Braga, & Dehaene, 2012) .
Reading is a multidimensional skill that can be framed as the dynamic construction of information involving shape (i.e., orthography), sound (i.e., phonology) and meaning (i.e., semantics; Seidenberg & McClelland, 1989) . Interestingly, the relative contribution to reading made by any of these dimensions varies as a function of task demands (Balota, Paul, & Spieler, 1999) , the information elicited by the stimulus (e.g., words vary in terms of the amount of semantic information they evoke; Yap, Pexman, Wellsby, Hargreaves, & Huff, 2012) , and even the relative availability of all three types of information over time (Holcomb & Grainger, 2006) . Recent research suggests that visual word recognition also is shaped by our experience using written words for different purposes. For example, competitive Scrabble players have extraordinary word recognition experience in that they dedicate vast amounts of time to studying word lists to improve their game performance (Halpern & Wai, 2007; Hargreaves, Pexman, Zdrazilova, & Sargious, 2012; Tuffiash, Roring, & Ericsson, 2007) .
Scrabble is a popular board game in which two players alternate strategically forming words out of seven randomly drawn lettered tiles. Tiles are placed within squares on a standard 15 Â 15 square game board. After the first word has been played, all subsequent words must attach to at least one tile already played, and form a word when read left to right or top to bottom. If one's opponent believes that a newly created word would not be found in a designated dictionary, he or she may challenge the play, and if correct, all tiles played on that turn are returned to the offending player and no points are awarded. Conversely, if a challenged word is acceptable, the player issuing the challenge may lose his or her turn. As such, word recognition is equally important in responding to an opponent's play as in making one's own. The purpose of the game is to maximize your cumulative score, as compared with your opponent's, by forming multiple words, taking advantage of premium squares, or securing a bonus for playing all seven tiles. Recent research suggests that the degree of Scrabble expertise (as captured through an official rating system) can be attributed to time spent in practice and not to other factors, such as working memory or perceptual processing (Tuffiash et al., 2007) . Hargreaves et al. (2012) demonstrated that this extended, deliberate practice is associated with exceptional performance in the standard word recognition task, the lexical decision task (LDT; i.e., "is it a word?"). Specifically, Scrabble experts are faster than non-experts in making word/nonword decisions, especially for vertically presented words, and show a decreased reliance on word meaning. Accessing word meaning is viewed as a reliable cue that a stimulus is a word, and the presence of meaning is thought to facilitate responding in the LDT (Pexman, Lupker, & Hino, 2002) . Scrabble experts show less of a reliance on meaning, which is congruent with anecdotal reports suggesting that many Scrabble players do not learn the meanings of the words they study (Fatsis, 2002) , and that experts were able to judge c o r t e x 7 5 ( 2 0 1 6 ) 2 0 4 e2 1 9 lexicality by focusing on other forms of information (e.g., orthographic information).
One remaining question is how Scrabble practice changes the neural substrates that support visual word recognition. In the Hargreaves et al. (2012) study Scrabble players and controls were matched in terms of vocabulary, print exposure, age, years of education; all factors that capture our history of experience with written words. However, Hargreaves et al. observed that the dedicated practice of Scrabble experts clearly set them apart from controls in LDT performance. Given the chess literature showing functional reorganization, it seems likely that the expanded behavioral repertoire of Scrabble players is supported by dissociable networks in the brain. Our particular question is: what is the nature of that reorganization? In order to approach this question, we used fMRI and investigated the neural underpinnings of Scrabble expertise by comparing brain activity in competitive Scrabble experts and matched controls. We then examined how individual differences in Scrabble skill are related to brain activity. We operationalized Scrabble skills in terms of anagramming skill (unlike official Scrabble rankings this is a measure that can be obtained for both experts and non-experts). Our expectation was that within-group skill differences would likely involve the kind of efficiency-driven increases and decreases in activation associated with training studies, while between-group differences would likely involve a break or dissociation, as in studies on chess expertise. Finally, we tested if within-and between-group Scrabble-skill-related network alterations could be identified even when participants were not engaged in an active language task, during resting-state. To our knowledge the neural consequences of expertise have not previously been examined in this way.
Method

Participants
Fourteen competitive Scrabble players and 14 age-matched non-expert controls participated in this study. Two Scrabble participants and one control participant were excluded due to excessive motion during scanning. An additional control was excluded to preserve pairwise matching. Thus, data from 12 competitive Scrabble players (7 female) and 12 age-matched non-expert controls (7 female) were used in our analyses. Competitive Scrabble players were recruited from extensive advertising over a 1-year period at local and national Scrabble competitions held in the Calgary area. Controls were recruited through community advertising in the Calgary area during the same period. All participants were right-handed. Participants were recruited to participate in a larger study involving both fMRI and EEG sessions, but the data presented here are for those Scrabble and control participants who completed the fMRI session. All participants underwent comprehensive screening to ensure that they had no neurological disorders, were not experiencing any psychiatric illnesses, were not taking any psychotropic medications, and did not have any vision or hearing deficits that might interfere with task performance. Ethics approval was obtained from the Conjoint Health Research Ethics Board of the University of Calgary, and written informed consent was obtained from all participants prior to participation.
Cognitive tasks
Cognitive testing was performed to establish that group differences between the Scrabble experts and controls were confined to Scrabble-related expertise , and were completed on a separate day, prior to fMRI scanning. We administered to each participant the following tests: (1) Perceptual speed was assessed with the WAIS III Digitesymbol coding task (Wechsler, 1997) , in which participants saw nine digitesymbol pairs, and then a list of digits for which they were asked to provide matching symbols. They were given 120 sec to complete as many trials as possible; (2) Category and letter/word fluency were assessed with the Controlled Oral Word Association Test (COWAT; Spreen & Strauss, 1998) . Participants were asked to verbally generate as many exemplars as possible, in 60 sec, from each of the following categories: animal names (serving as a control for generation fluency), and words beginning with the letter "F", the letter "A", the letter "S", and the prefix "UN", following Tuffiash et al. (2007) ; (3) Exposure to print was assessed with the Revised Author Recognition Test (Acheson, Wells, & MacDonald, 2008) , in which participants were presented with a list of 130 names and were asked to identify which names were those of real authors; (4) Vocabulary was assessed with the short form of the North American Adult Reading Test (NAART35; Uttl, 2002) , in which participants were asked to pronounce 35 English words of irregular spelling as accurately as possible; (5) Anagramming skill was assessed by asking participants to solve 51 computer-presented anagrams (Tuffiash et al., 2007) . The order of these tests was counterbalanced across participants with the additional stipulation that tasks requiring a verbal response (i.e., COWAT and NAART35) did not follow one another. Mean scores for these measures are presented in Table 1 .
fMRI tasks
Resting-state scans used in the current study were collected immediately after the anatomical scans (i.e., prior to completing the LDT). The resting-state scan duration was 6 min, and participants were simply asked to fixate on a cross at the center of a projection screen, which was positioned at the back of the MR scanner and viewed by the participant through a mirror mounted on the head coil above the eyes. For the LDT task, word and nonword stimuli were created and presented using Presentation (Neurobehavioral Systems, Inc., Albany, CA) and a video projection system (Avotec, Inc., Stuart, FL). For each LDT trial, participants made a yes/no lexical decision using two buttons on an MR-compatible response pad (Lumina LU400-PAIR, Cedrus Corp., San Pedro, CA). Three continuous LDT runs (total time was approximately 30 min) each included 80 word and nonword trials, presented in random order. Half of the trials were presented in a horizontal orientation while the other half were presented in a vertical (i.e., marquee) orientation. Orientation varied randomly between trials, but was counterbalanced across participants. Each trial began with the presentation of a fixation point (500 msec), which was then replaced with a stimulus (word or nonword) for 2000 msec with a randomized inter-trial interval ranging from 3500 to 7500 msec with a mean of 5500 msec. A variable inter-trial interval was used to increase the detectability of hemodynamic responses to trials (Birn, Cox, & Bandettini, 2002) . The LDT stimuli consisted of 144 words and 96 nonwords, similar to those used previously (Binder, Westbury, McKiernan, Possing, & Medler, 2005; Hargreaves et al., 2012) . Word length, mean Levenshtein distance to the nearest 20 orthographic neighbors (OLD20; Yarkoni, Balota, & Yap, 2008) , age of acquisition (Kuperman, Stadthagen-Gonzalez, & Brysbaert, 2012) , imageability (Cortese & Fugett, 2004) , print frequency and contextual dispersion (both from Brysbaert & New, 2009 ) are presented in Table 2 . As illustrated in Table 2 , words were matched to nonwords on orthographic (visual) characteristics. Trials were presented in a different random order to each participant. Because our goal in the present analyses was to examine the neural correlates of typical LDT trials for Scrabble experts and controls, we restricted our analyses to the trials in which words or nonwords were presented in the horizontal orientation. These are the trials on which, in the previous behavioral study , the performance of Scrabble experts and controls was most similar. Vertical presentation is not typical in the LDT. As such, the data from vertical trials will be used to address future questions that are not the focus here.
MRI data acquisition
Anatomical and functional data were acquired on a 3T wholebody MR scanner (Discovery 750; GE Healthcare, Waukesha, WI, U.S.A.). FMRI data were acquired in an interleaved slice order (TR ¼ 2000 msec; TE ¼ 30 msec; 37 slices, 220 mm FOV, 64 Â 64 matrix, resulting in a voxel size of 3.75 Â 3.75 Â 3.40). Three-dimensional anatomical scans were acquired with higher spatial resolution T1-weighted sequence (MP-RAGE: 236 slices, 256 mm FOV, 256 Â 256 matrix, resulting in a voxel size of 1.0 Â 1.0 Â 1.0 mm).
fMRI data preprocessing
We performed a number of preprocessing steps intended to reduce data artifacts (see Garrett, Kovacevic, McIntosh, & Grady, 2010; Protzner, Kovacevic, Cohn, & McAndrews , 2013; Protzner, Mandzia, Black, & McAndrews, 2011) . Using SPM8 (http://www.fil.ion.ucl.ac.uk/spm/, Friston et al., 1995) , time series data were spatially coregistered to correct for head motion by using a 3D Fourier transform interpolation. Functional data were corrected for artifacts via independent component analysis (ICA) within separate runs, as implemented in FSL/Melodic (Beckmann & Smith, 2004) . Probabilistic ICA assumes that artifacts present in fMRI data follow a non-Gaussian distribution. It is a blind source separation technique that decomposes a two-dimensional data matrix (time by voxels) into a set of time courses with associated spatial maps, which jointly describe the temporal and spatial characteristics of statistically independent latent variables (LVs) (source signals). Artifacts were identified and removed following the guidelines outlined by Beckmann and Smith (2004) . Specifically, the ICA denoising procedure was performed by one of the authors (K.M.S), who identified artifactual components for each participant and each run based on combined information from the spatial distribution, time c o r t e x 7 5 ( 2 0 1 6 ) 2 0 4 e2 1 9 series, and spectral power distribution of ICA components. The most common characteristics of artifacts were focality of the spatial distribution, ratio of weights within ventricles versus brain, ratio of weights along the outer edge of the brain versus the rest of the brain, relative spectral power distribution within low-, medium-and high-frequency ranges, and presence of spikes within the time course. Identified noise components were subsequently subtracted from the data set (using the fsl_regfilt function from FSL).
Because we used a conservative approach during identification of artifacts, voxel time series were further adjusted by regressing out motion correction parameters, WM, and cerebrospinal fluid (CSF) time series. For WM and CSF regression, one of the researchers (K.M.S) extracted time series from unsmoothed data within small regions of interest (ROIs) in the corpus callosum and ventricles of each participant using FSL view. ROIs were selected such that they were deep within each structure of interest (corpus callosum and ventricles) to avoid signal contamination from external tissues due to misregistration and partial volume effects. The rationale for using small ROIs and unsmoothed data was to ensure that the ROIs would not contain any signal of interest (i.e., gray matter signal) for any of the subjects. The choice of a single 4 mm 3 voxel within the corpus callosum for WM and a same-size voxel within one lateral ventricle for CSF was based on our experience in having excellent registration of these structures. Images were then registered to the MNI EPI template as implemented in SPM8 (http://www.fil.ion.ucl.ac.uk/spm/, Friston et al., 1995) , and voxel signal was spatially smoothed using an 8-mm Gaussian kernel.
fMRI analyses
We addressed three questions in our image analyses. First, we assessed whether there were differences between groups in condition-dependent brain activity. This analysis allowed us also to identify a region of interest (ROI; i.e., seed voxel) that could serve as the reference region for our functional connectivity analysis. The choice of region was based on two criteria: (1) location in the left inferior frontal gyrus (LIFG), and (2) common modulation of activity across groups. Second, we assessed whether there were group-dependent differences in the cortical regions that correlated with individual differences in anagramming (Scrabble) skill. For this analysis, we tested the hypothesis that the pattern of activation that supports better anagramming (Scrabble) skill differs between Scrabble experts and controls. Third, we assessed whether there were group-dependent differences in resting-state LIFG networks that were correlated, as a whole, with anagramming (Scrabble) skill. Because our questions are based on the assumption that language is the result of the integrated activity of dynamic brain networks rather than the independent activity of any single brain region (Behrmann & Plaut, 2013; Fedorenko & Thompson-Schill, 2014) , our approach to fMRI analysis was designed to reveal language networks through multivariate techniques. To this end, all analyses were performed using partial least squares (PLS; http://www.rotman-baycrest.on. ca/index.php?section¼345), which is a multivariate analysis technique that identifies groups of brain regions distributed over the entire brain that together covary with some aspect of the experimental design (McIntosh, Bookstein, Haxby, & Grady, 1996; McIntosh, Chau, & Protzner, 2004) . This is in contrast to the more typically used univariate analysis that assesses the significance of each region independently. To allow comparison with work published using univariate analyses, in addition to our nonrotated task PLS (the first analysis described in detail below), we analyzed the main effects of lexicality and group, and the lexicality by group interaction with SPM8 (http:// www.fil.ion.ucl.ac.uk/spm/, Friston et al., 1995) .
Nonrotated task PLS
Task PLS identifies LVs that highlight similarities or differences between participant groups and/or experimental conditions. The most commonly used version of task PLS is similar to other multivariate techniques, such as principal component analysis, in that contrasts across conditions or groups typically are not specified in advance; rather, the algorithm extracts LVs explaining the covariance between conditions and brain activity in order of the amount of covariance explained (with the LV accounting for the most covariance extracted first). We used a nonrotated version of task PLS, in which a priori contrasts restrict the patterns derived from task PLS (McIntosh & Lobaugh, 2004) . The effects of interest were a main effect of lexicality (word versus nonword activity), a main effect of group (Scrabble experts versus controls), and a lexicality by group interaction.
PLS results are expressed in terms of LV's, each of which contains three vectors. The first vector contains a singular value, which indicates the strength of the effect expressed by the LV. The remaining two vectors relate experimental design and brain activity. The experimental design vector contains task saliences, which indicate the degree to which each task within each group is related to the brain signal pattern identified in the LV. These task saliences can be interpreted as the contrast that codes the effect depicted in the LV. The brain signal vector contains voxel saliences. These are numerical voxel weights that identify the collection of voxels that, as a whole, are most related to the effects expressed in the LV. Note that for each LV, there is one salience per voxel that applies for all groups and all experimental conditions.
Behavior PLS
We used behavior PLS to examine group-and taskdependent correlations between anagramming skill and voxel signal. We operationalized Scrabble skill with anagramming scores, which showed a strong positive correlation with NASPA rank in the Scrabble group [r(10) ¼ .67, p < .05], and were available for controls as well as Scrabble experts. We performed PLS on a correlation matrix, comprised of the covariance between voxel signal and measures of behavior (anagram scores) across participants in each group. Behavior PLS results are very similar to those from task PLS, except LVs show similarities or differences between groups and experimental conditions in terms of brain-behavior correlations. 
1.6.3. Resting-State Seed/Behavior PLS Seed/behavior PLS examines group-and task-dependent correlations between a seed ROI, a behavior measure and the rest of the brain. For the current paper, we used our resting state data in this analysis because we were interested, particularly, in whether Scrabble-specific network alterations could be identified even when participants were not actively engaged in a language task. Therefore, our two-group/seed/behavior PLSs identified LVs that captured group dependent changes in cortical regions that were functionally connected with a seed voxel during resting-state, and also were linked to better anagramming skill (i.e., brain-seed-behavior correlations).
Resting-State Seed/Behavior PLS was carried out on a correlation matrix, comprised of the covariance between our behavior measure, voxel signal in our seed region and voxel signal in the rest of the brain across participants in each group. LVs showed similarities or differences between groups and experimental conditions in behavior-brain-seed correlations.
Statistical assessment
Statistical assessment for PLS is done using permutation tests for the LVs and bootstrap estimation of standard errors for the voxel saliences. The permutation test assesses whether the effect represented in a given LV, captured by the singular value, is sufficiently strong to be different from random noise (McIntosh et al., 1996) . This was accomplished using sampling without replacement to reassign the order of conditions for each subject. PLS was recalculated for each sample, and the number of times the permuted singular values exceeded the observed singular values was calculated. Exact probabilities are presented for all LVs. The standard error estimates of the voxel weights/saliences from the bootstrap tests (i.e., bootstrap ratios) are used to assess the reliability of the nonzero voxel saliences in significant LVs. Bootstrap tests were generated using sampling with replacement, keeping the assignment of experimental conditions fixed for all subjects. PLS was recalculated for each bootstrap test. A salience whose value depends greatly on which subjects are in the sample is less precise than one that remains stable regardless of the sample chosen (Sampson, Streissguth, Barr, & Bookstein, 1989) . No corrections for multiple comparisons are necessary because the voxel saliences are calculated in a single mathematical step on the whole brain. The bootstrap ratio is proportional to a z-score, but should be interpreted as a confidence interval. For the current paper, we designated a threshold of 2.8 corresponding roughly to a 99.5% confidence interval, or a p value less than .005. We used different bootstrap thresholds to capture visually all the stable voxel clusters, but keep these clusters small enough that they are easy to differentiate. Our minimum cluster size Fig. 2 e Brain images and brain scores bar graph for LV2 from the two-group, nonrotated task-PLS analysis. On the brain images we illustrate regions with maximal differentiation between control and Scrabble groups for both word and nonword trials. The brain is displayed in 3-plane view according to neurological convention (L ¼ L). Yellow regions represent increased activity for the control group, and blue regions represent increased activity for the Scrabble expert group. The brain scores bar graph captures the mean brain score for each condition in each group. The error bars indicate the 95% confidence intervals derived from bootstrap estimation.
was 10 voxels. We localized gyral locations and Brodmann's areas by reference to Talairach and Tournoux (1988) 
Results
Behavioral results
Behavioral analyses were performed on correct LDT trials for which reaction times fell within ± 2. 
Two-group nonrotated task PLS results
Our two-group, nonrotated task PLS, performed on LDT data, identified significant main effects of lexicality (p ¼ .002) and group (p ¼ .014), but no significant lexicality by group interaction. The first LV (lexicality main effect; p ¼ .002; Fig. 1 ; representative areas are listed next and for a complete list of local maxima for regions of activation, see Table 3 ) showed word/nonword activity differences common to both groups. Dominant positive saliences (related to increased activity during word trials for both groups) included bilateral superior frontal gyrus (BA 8 and 10), bilateral anterior cingulate (BA 32), right supramarginal gyrus (BA 40), bilateral middle temporal gyrus (BA 21), and bilateral lingual gyrus (BA 18). Dominant negative saliences (related to increased activity during nonword trials for both groups) included bilateral inferior frontal gyrus (BA 47, 45, and 44), bilateral middle frontal gyrus (BA 46), bilateral medial frontal gyrus (BA 8), bilateral inferior temporal gyrus (BA 37), bilateral superior parietal lobe (BA 7), bilateral supplementary motor area (BA 6), and right fusiform gyrus (BA 37). The second LV (group main effect; p ¼ .014; Fig. 2 ; for a complete list of local maxima for regions of activation, see Table 4 ) showed control-Scrabble differences that were common across word and nonword trials. Dominant positive saliences (related to increased activity during word and nonword trials for controls) included left middle frontal gyrus (BA 8, 9 and 10), and right middle temporal gyrus (BA 21). Dominant negative saliences (related to increased activity during word and nonword trials for Scrabble experts) included right inferior frontal gyrus (BA 45), right inferior temporal gyrus (BA 20), right inferior parietal lobe (BA 40), bilateral superior parietal lobe (BA 7), left insula, bilateral fusiform gyrus (BA 19 and 37), and bilateral middle occipital gyrus (BA 18).
Additionally, our two-group, nonrotated task PLS allowed us to identify a region of interest (ROI; i.e., seed voxel) from a canonical language regiondthe LIFGdthat was commonly activated for both groups. We chose this ROI from LIFG voxels identified in the main effect of lexicality (LV1), as activation identified in this LV was common to both groups. According to our PLS analysis, the LIFG in general (and this ROI) was more active during nonword decisions. This finding was expected because LIFG activation tends to increase with lexical decision Talairach and Tournoux (1988) . Only voxels in supratentorial regions are reported. x, y, and z indicate voxel coordinates in MNI space. BSR ¼ bootstrap ratio, and represents each voxel's PLS parameter estimate divided by its standard error.
c o r t e x 7 5 ( 2 0 1 6 ) 2 0 4 e2 1 9 Fig. 3 e A and B: Brain images and correlation bar graph for LV1 from the two-group, anagramming score, behavior-PLS analysis. On the brain images we illustrate brain-behavior correlations for word and nonword trials. The brain is displayed in 3-plane view according to neurological convention (L ¼ L). In both 3A and 3B, regions highlighted in yellow indicate a positive correlation between higher anagramming scores and increased activation during word and nonword decisions in controls, and during nonword decisions in Scrabble experts. Regions highlighted in blue indicate a positive correlation between higher anagramming scores and increased activation specifically during word decisions in Scrabble experts. The correlation bar graph in 3A captures the task-dependent correlations between our behavior measure (anagramming scores) and the regions identified in the brain images. The error bars show the 95% confidence interval derived from bootstrap estimation.
difficulty (Edwards, Pexman, Goodyear, & Chambers, 2005) , and nonword decisions are typically more difficult than word decisions. The most reliable LIFG voxel (i.e., the voxel with the highest bootstrap ratio) was located in Brodmann's area 45 (MNI coordinates À45 36 À3). We used this seed co-ordinate in our resting-state behavior/seed PLS to examine if Scrabblespecific network alterations could be identified even when participants were not actively engaged in a language task.
Univariate (SPM) results for comparison to the nonrotated task PLS results
Although univariate (SPM) and multivariate (PLS) analyses highlight different aspects of neuroimaging data (i.e., independent activity in single regions versus distributed patterns), the PLS and SPM results in the present study are similar, with the primary difference being fewer activations with smaller spatial extent identified in SPM. There are many differences between the calculations involved in SPM and PLS analyses, thus one would expect to find some variation in results. Indeed, different outcomes have been identified in the neuroimaging literature even in the context of much more similar calculations [e.g., differences in motion correction results when carried out with different software tools, including AFNI and SPM (Oakes et al., 2005; Morgan, Dawant, Li, & Pickens, 2007) ; differences in automatic intracranial volume estimation when carried out with different software tools, again including AFNI and SPM (Sargolzaei et al., 2014) ]. For an eventrelated design such as ours, we expect PLS to identify more regions than SPM because it makes no assumptions about the shape of the hemodynamic response functions (HRFs), and corrections for multiple comparisons are not necessary because reliability of voxel signal change is calculated in a single mathematical step on the whole brain (McIntosh, Chau, & Protzner, 2004) .
For the SPM analyses, statistical images were thresholded at p ¼ .005 with a cluster size of at least 10 contiguous voxels (these thresholds also were used for our PLS analyses). Based on the assumption that a true signal will stimulate signal changes over a group of contiguous voxels, the resulting corrected p value is .0001 for the SPM analyses (Forman et al., 1995) .
For the main effect of lexicality, representative regions that were more active for word trials included right superior frontal gyrus (BA 8), and right middle temporal gyrus (BA 21). Representative regions that were more active for nonword trials included bilateral middle frontal gyrus (BA 46), left medial frontal gyrus (BA 8), and left inferior parietal lobe (BA 40).
For the group main effect, no regions were significantly more active for controls as compared to Scrabble experts. An examination of the PLS results suggests that increased activity for controls happens relatively late after trial onset (e.g., 8e12 sec), thus it is not surprising that an analysis technique that relies on the canonical HRF would not identify these activation differences. Representative regions that were more active for Scrabble experts included LIFG (BA 44), right inferior temporal gyrus (BA 20), left insula, right fusiform gyrus (BA 37), and bilateral middle occipital gyrus (BA 18).
Finally, SPM identified one significant cluster in the right inferior parietal lobe (BA 40) for the lexicality by group interaction. Given that there was only one cluster associated with the interaction, it is not remarkable that this difference was non-significant when tested over the whole brain in PLS.
Two-group behavior PLS results
We performed a two-group behavior PLS on LDT data to assess whether there were group-dependent differences in the cortical regions that are related to offline variability in anagramming scores (i.e., brain-behavior correlations). We identified a significant LV (p ¼ .004; Fig. 3A and B; for a complete list of local maxima, see Table 5 ). Dominant positive Note: BA ¼ Brodmann's area. Regions indicate the gyral locations and BA of the cluster peak. Gyral locations and BA were then determined by reference to Talairach and Tournoux (1988) . Only voxels in supratentorial regions are reported. x, y, and z indicate voxel coordinates in MNI space. BSR ¼ bootstrap ratio and represents each voxel's PLS parameter estimate divided by its standard error.
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saliences (highlighting regions that were positively correlated with anagramming scores when these regions were more active during word and nonword decisions in controls, and more active during nonword decisions in Scrabble experts) included bilateral inferior frontal gyrus (BA 45), left middle frontal gyrus (BA 9), left precentral gyrus (BA 6), right postcentral gyrus (BA 43), left superior temporal gyrus (BA 42), bilateral inferior parietal lobe (BA 40), bilateral fusiform gyrus (BA 19), and bilateral lingual gyrus (BA 18). Dominant negative saliences (highlighting regions that were more active specifically during word decisions, and positively correlated with anagramming scores in Scrabble experts) included bilateral medial prefrontal gyrus (BA 11), bilateral anterior cingulate (BA 25 and 32), bilateral middle occipital gyrus (BA 18 and 19) , and left cuneus (BA 18).
2.5. Two-group resting-state seed/behavior PLS results
Our two-group seed/behavior PLS on resting-state data was conducted to identify potential group differences in cortical regions that were functionally connected with the LIFG seed voxel, and correlated with off-line anagramming skill, when participants were not performing the LDT. We identified two significant LVs. The first LV showed group similarities (p ¼ .012; Fig. 4 ; for a complete list of local maxima, see Table  6 ). Dominant positive saliences (highlighting regions that are functionally connected to the LIFG voxel and positively correlated with offline anagramming skill) included LIFG (BA 45), bilateral inferior parietal lobe (BA 40), and right superior parietal lobe (BA 7). Dominant negative saliences (highlighting regions that are functionally connected to the LIFG voxel and negatively correlated with offline anagramming skill) included bilateral middle frontal gyrus (BA 8), bilateral superior medial frontal gyrus (BA 10), right posterior cingulate (BA 23), and right superior temporal gyrus (BA 39). The second LV showed group differences (p ¼ .044; Fig. 5 ; for a complete list of local maxima, see Table 7 ). Dominant positive saliences (highlighting regions that are functionally connected to the LIFG voxel and positively correlated with offline anagramming skill in controls) included left superior temporal gyrus (BA 38), and right inferior parietal lobe (BA 40). Dominant negative saliences (highlighting regions that are functionally connected to the LIFG voxel and positively correlated with offline anagramming skill in Scrabble experts) included left middle frontal gyrus (BA 9), left superior frontal gyrus (BA 6), right inferior temporal gyrus (BA 37), right precuneus (BA 18), bilateral lingual gyrus (BAs 18 and 19), and right inferior parietal lobe (BA 40). 3.
Discussion
The goal of the present study was to investigate how the expanded behavioral repertoire of Scrabble experts changes the neural substrates associated with visual word recognition. Our behavioral data replicated findings from Hargreaves et al. (2012) , and confirmed that Scrabble experts made both word and nonword decisions more quickly than controls. Error rates were so low (2% of all trials) that we did not analyze those data. Our brain data showed both commonalities and differences in the neural substrates that support domainspecific skills in experts and controls. In terms of differences, Scrabble experts appeared to make use of brain regions not generally associated with meaning-related aspects of word recognition, but rather those associated with working memory. This is consistent with the conclusions drawn from the Hargreaves et al. (2012) behavioral study, where it was suggested that Scrabble experts relied more heavily on visual information (rather than word meaning) to perform LDT.
The activity analysis (two group nonrotated task PLS) identified two significant LVs. The first differentiated brain activation during word versus nonword trials, and showed a common pattern of activation for the Scrabble and control groups (Fig. 1) . Both word and nonword activations were widely distributed in frontal, temporal, parietal, and paralimbic regions, as generally is the case for language tasks (for a review, see Price, 2012) . Canonical language regions, like LIFG, were more active during nonword trials. This result is expected because nonword decisions are more difficult than word decisions, and there is evidence that the LIFG tends to be more active as lexical decision difficulty increases (Edwards et al., 2005) .
Our activity analysis also differentiated brain activation for controls versus Scrabble experts (i.e., a main effect of group; Fig. 2) . As compared to controls, Scrabble experts showed greater recruitment of areas associated with working memory (e.g., superior parietal cortex; Koenigs, Barbey, Postle, & Grafman, 2009 ) and visual perceptual regions (e.g., extensive activation in visual cortex). Another Scrabble specific region was the fusiform gyrus, a region that has been associated with processing visual information from letter strings and one that may be modulated by lexical expertise (e.g., Behrmann & Plaut, 2013; McCandliss, Cohen, & Dehaene, 2003) . Taken together with behavioral evidence that Scrabble experts adopt different strategies than controls in the LDT , these findings suggest that Scrabble experts rely less on word meaning, and develop a different behavioral repertoire that is not available to the control group.
Our inference that Scrabble experts emphasize different types of information and recruit different brain areas during lexical processing than do controls is consistent with recent literature on the cognitive and neural correlates of chess expertise. In chess, the emergence of expertise-related knowledge structures can be framed in terms of the development of new strategic or cognitive skills (e.g., quick perception of board patterns, automatic generation of 'next move', and a reliance on different brain areas during chessrelated tasks; Bilali c, Langner, Erb, & Grodd, 2010; Chase & Simon, 1973; Grabner et al., 2006) rather than increased efficiency of the skills that support performance in non-experts. Further, studies have shown that areas important to chess expertise, including the occipito-temporal junction and precuneus, have reduced volume in chess experts (H€ anggi, Brü tsch, Siegel, & J€ ancke, 2014). H€ anggi et al. and others (Duan et al., 2012) have speculated that this reduced volume may result from pruning that occurs with increased chess experience. Pruning could enhance local computational capacity and thus support processing in the domain of expertise. It also seems possible, however, that structural change of this kind could have negative consequences for processing outside the domain of expertise. Of course, we did not examine the question of transfer to non-expert domains, but this is an important topic for future research.
Next, we investigated how individual differences in withinand between-group Scrabble skill relate to alterations in the neural substrates that support lexical decision making. Specifically, we examined whether between-group differences involved a break or dissociation, as in studies on chess expertise, and within-group skill differences involved the kind of efficiency-driven increases and decreases in activation associated with training studies (Fig. 3A and B) . We found the between-group 'break' for word stimuli. Within the Scrabble expert group, those who were better anagrammers relied mostly on prefrontal regions (bilateral anterior cingulate and medial prefrontal cortex). Controls, on the other hand, relied on a widespread network, including frontal, temporal, parietal, occipital, limbic and paralimbic regions. The association between Scrabble skill and nonword processing was common between groups, and involved the word network associated c o r t e x 7 5 ( 2 0 1 6 ) 2 0 4 e2 1 9
with better Scrabble skill in controls. It is perhaps not surprising that the break was specific to word stimuli, as words (and not nonwords) are the subject of the years of dedicated practice that leads to Scrabble expertise. Within-group, we found that skill differences did indeed involve the kind of efficiency-driven activation changes associated with training studies, where greater activation in the networks described above was associated with better offline anagramming skill. After having identified Scrabble expertise-related differences between our participant groups in the neural substrates that underlie LDT performance, we tested if Scrabble skillrelated network alterations could be identified even when participants were not actively engaged in a language task, during resting-state data collected prior to LDT performance. We specifically explored how the functional connectivity of the LIFG changed in relation to anagramming scores across groups. As with our other analyses, we found both similarities (Fig. 4) and differences (Fig. 5) . For both groups, increased resting-state connectivity in an LIFG network including inferior and superior parietal regions was associated with better anagramming skill. Both Scrabble experts and controls showed additional connectivity patterns associated with better anagramming skill but these patterns differed between groups. The control-specific LIFG network included temporal and parietal regions, which are typical components of the lexical system (Carreiras, Armstrong, Perea, & Frost, 2014; Price, 2012) . In Scrabble experts, the connectivity pattern was much more widespread, including frontal, temporal, parietal, and limbic and paralimbic regions.
It is important to note that although all our analyses identified distinct regions associated with domain-specific skills in Scrabble experts, the regions identified in our three analyses did not show much overlap. This may seem surprising, but with careful consideration of the question that each analysis asked, our results actually suggest a common theme: Scrabble training is associated with widespread functional changes, which take different configurations when viewed through different lenses. First, we asked whether or not there were simple activity differences between groups during LDT performance. Second, we asked what regions were more active for better anagrammers within each group. And last, we examined the relationship between individual differences in LIFG connectivity during resting-state and anagramming skill. We know from previous research with typical adult populations that there are differences in the networks that support reading when, for example, the relative contribution of information involving shape (i.e., orthography), sound (i.e., phonology) and meaning (i.e., semantics; c o r t e x 7 5 ( 2 0 1 6 ) 2 0 4 e2 1 9 Seidenberg & McClelland, 1989 ) change across tasks and contexts (Balota et al., 1999; Edwards et al., 2005) . Thus, it follows that we find different results from analyses that highlight different aspects of the relationship between lexical decisions and brain activation in both controls and Scrabble experts. This study is, to our knowledge, the first to examine the neural correlates of competitive Scrabble expertise. Certainly, there are limitations to our study. As with any between-groups design, there is always the risk that there are unmeasured group differences that may have influenced the results. However, given the extensive practice undertaken by competitive Scrabble players, a within-subjects approach does not seem feasible. Additionally, the population of competitive Scrabble players is not large, and so despite extensive recruiting our sample size is admittedly modest. We are reassured by the fact that our behavioral data replicated results from the larger sample tested by Hargreaves et al. (2012) , suggesting that our participants are representative of the larger population of Scrabble experts. Despite these limitations, the present results may help us to understand the variability that has been observed in the neural areas identified in previous imaging studies involving visual word recognition tasks (e.g., Binder, Desai, Graves, & Conant, 2009 ). The standard approach in visual word recognition research has been to recruit literate adults (usually undergraduates) and assume that they represent the "typical" lexical processing system. Our results suggest, however, that such groups may be heterogenous; different strategies for word recognition may be available to different participants as a function of their experience. By measuring aspects of participants' lexical processing skill and experience, a priori, researchers may find more success accounting for variability in brain regions associated with visual word recognition.
